This paper provides a productivity analysis of German electricity distribution companies. It addresses both traditional issues in electricity sector benchmarking, such as the role of scale effects and optimal utility size, as well as new evidence specific to the situation in Germany. Regarding the latter, we consider the potential effects of the three structural variables defined in the association agreements ("Verbändevereinbarung Strom VV II+"): consumer density, grid composition (cable versus aerial lines), and differences between East and West German distribution companies. We use labour, capital, and peak load capacity as inputs, and units sold and the number of customers as output. The data covers 380 (out of 553) German electricity distribution utilities. We apply a non-parametric data envelopment analysis (DEA) with constant returns to scale (CRS) as the main productivity analysis technique, whereas stochastic frontier analysis (SFA) is our verification method. The results suggest that returns to scale play a minor role: only very small utilities have a significant cost advantage. Low customer density is found to affect the efficiency score significantly in the lower third of all observations. The grid composition does not produce systematic effects. Surprisingly, East German utilities feature a higher average efficiency than their West German counterparts. The correlation tests imply a high coherence of the results.
INTRODUCTION
Productivity modelling has played a crucial role in defining regulatory policies in the electricity sector, both in transmission and distribution. Benchmarking models for electricity distribution utilities have been introduced at a general level in the UK and the U.S. (e.g. Pollitt, 1995 , Burns and Weyman-Jones, 1996 , Burns, Davies and Riechmann, 1999 and have now become commonplace throughout Latin America (Estache, Rossi, and Ruzzier, 2004) and Europe, e.g. Hjalmarsson and Veiderpass (1992) for Sweden, Foresund and Kittelsen (1998) for Norway, Auer (2002) for Austria, and Filippini (1998) and Filippini and Wild (2001) for Switzerland. Many authors concentrate on scale effects, and the optimal size and relative efficiency of utilities. See Jamasb and Pollitt (2001) for a survey of international experience.
The paper is the first productivity analysis of a large number of German electricity distributors to date. In it, we address both traditional issues of electricity sector benchmarking, such as the role of scale effects and optimal utility size, as well as new evidence specific to the situation in Germany. Regarding the latter, we consider the potential effects of three structural variables: consumer density, grid composition (cable versus aerial lines), and differences between East and West German distribution companies. Our empirical section thus follows the structural criteria set out by the German association agreements ("Verbändevereinbarung Strom VV II+") . The data covers 380 (out of 553) German electricity distribution utilities.
Our study is motivated by two factors: first, efficiency analysis in electricity distribution currently faces serious issues in determining whether there are significant returns to scale (as suggested by a number of studies, e.g. Filipini, 1998) . The question arises whether or not smaller utilities should have systematically lower efficiency scores than larger ones, implying increasing returns ("big is beautiful"); which in turn would suggest that the current, atomised structure of the German electricity utilities is not sustainable. Second, the German electricity industry is currently undergoing structural change from local monopolies to regulated competition. Observers suggest that liberalisation will lead to a structural change of the industry, which has up to now comprised a large number of companies: four in high-voltage transmission, 56 in regional distribution, and 553 in local 3 electricity distribution. These numbers contrast sharply with the U.K. system, for instance, which features only 13 regional electricity companies altogether.
The paper is structured as follows: Section 2 gives a brief survey of the empirical literature on efficiency analysis and its theoretical basis. Section 3 describes the institutional context of electricity sector reform. Section 4 presents our methodology, data, and results from the basic and extended models that we estimate using non-parametric data envelopment analysis (DEA). Section 5 provides correlation analysis and a verification test using the stochastic frontier analysis; Section 6 concludes. In a subsequent paper, Jamasb and Pollitt (2003) performed an international benchmarking study of 63 utilities from six European countries comparing several SFA and DEA specifications. Although they determined a high correlation among the models, the results for single utilities differed noticeably. Filippini (1998) and Filippini and Wild (2001) applied SFA in a productivity study of 39 and 59 Swiss electricity distribution utilities respectively. Both studies find that regional differences in service territory influence productivity significantly, wherefore they recommend to consider structural variables in efficiency measuring. Furthermore, the studies identify significant economies of scale: smaller utilities could reduce costs by merging and thereby extending their sub-optimal service territory size.
4 Burns, Davies and Riechmann (1999) conducted a dynamic benchmarking analysis for 12 regional electricity distribution utilities in Great Britain for the period 1990-1999 using a DEA approach and also investigated efficiency changes over time. Another way to extend the classical efficiency measurement approach is to consider quality in the model: service quality is approximated by the number of supply discontinuities and the total time of the discontinuities. In both cases, the results for single utilities vary significantly. The most important result, however, is that a panel analysis delivers more robust results than studies based on cross sectional data. Other examples of panel-data approaches are Hjalmarsson's (1992) analysis of Swedish electricity retail distributors as well as the productivity study of Norwegian electricity utilities conducted by Forsund and Kittelsen (1998) .
Auer (2002) used DEA in a comprehensive efficiency analysis of the 13 largest electricity distribution companies in Austria. He measured the effect of the settlement density and the proportion of cable to aerial lines on the relative efficiency of the single utilities, extending parts of the basic model specification. He too identified noticeable differences in efficiency measures due to the grid composition and the structural variables.
So far, the literature on the German electricity sector is sparse. Haupt, Kinnunen and Pfaffenberger (2002) were the first to compare network access prices of German electricity distributors and to identify reasons for differences beyond the decision framework of the companies. They considered structural variables in order to take explicit account of regional specificities, for example settlement density and consumer structure. Their study, however, was based on a single utility benchmarking approach that dealt exclusively with prices and did not contain a comparative efficiency analysis. Riechmann (2000) investigated the efficiency of the 53 regional distributors in Germany with DEA and found significant cost reduction potentials. However, he included no discussion of structural variables' impact on efficiency. In a recent study for the German energy consuming industry, Frontier Economics and Consentec (2003) assessed a sample of 27 regional and local electricity distributors, using turnover as input, and peak load, units sold, and structural parameters as output. Interestingly, a regional distributor in East Germany was found to be on the efficiency frontier, indicating that the traditional post-reunification bias towards higher costs in East German distribution may have abated by now. Consequently, in Germany the electricity industry will now be subordinated to ex-ante regulation for the first time in its history. Under the former directive 96/92, Germany had implemented a model of negotiated access and had -to that end -authorised industry selfregulation. The electricity industry and the large electricity consumers were given freedom to negotiate network access prices and conditions in so-called association agreements ("Verbändevereinbarungen"). Given the systemic information advantage of the electricity industry over the customers, and the hesitation of the German government to establish a sufficient countervailing power in a regulatory agency, self-regulation did not succeed in bringing prices down or in establishing a significant level of competition. In its annual benchmarking reports, the European Commission has regularly criticised the German approach to self-regulation of network access charges (e.g. European Commission, 2003).
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The new German energy law, due to come into force in early 2005, therefore sets up a regulatory agency, and requires ex-ante regulation of network access.
As observed in other countries implementing UK-style reforms, e.g. the Netherlands and Austria, the process of unbundling and the introduction of ex-ante regulation are likely to lead to conflicts between the incumbent operators, potential market entrants, and the regulatory authorities. These conflicts revolve around the absolute level of access tariffs, the relative level, and non-tariff discrimination. The next two sections should provide 6 information on the relative level of access tariffs, e.g. potential reasons for cost differences, and thus price differences between distribution utilities.
METHODOLOGY, DATA, AND EMPIRICAL RESULTS

Methodology
We use traditional data envelopment analysis (DEA) to assess the relative efficiency of the distribution utilities, and stochastic frontier analysis as a verification method. The data envelopment analysis (DEA) is a nonparametric approach determining a piecewise linear efficiency frontier along the most efficient utilities to derive relative efficiency measures of all other utilities. DEA is used by most analyses of the electricity sector because of its simplicity and the useful interpretation of results it yields even with limited data sets.
Within this framework, one can take either a constant returns to scale (CRS) or a variable returns to scale (VRS) approach. The CRS hypothesis suggests that companies are flexible to adjust their size to the one optimal firm size. By contrast, the VRS approach is less restrictive in that it compares the productivity of companies only within similar sample sizes; this approach is adapted if the utilities are not free to choose or adapt their size. The comparison between the two approaches also provides some information about the underlying technology: if the results of the CRS and the VRS approaches are similar, then returns to scale do not play an important role in the process. Most studies opt for the CRS approach, including ours: we assume that the objective of liberalising and unbundling the regional distribution companies is precisely to use potential cost savings generated by mergers between utilities. In particular, in the German context, an adaptation of the firm size is possible, and should therefore be taken into account in the model.
In addition, we chose an input-oriented approach that considers the output to be fixed so that the input has to be adjusted in order to maximise efficiency. It is reasonable to assume that output is fixed in a market with the legal duty to serve all customers in a predefined service territory.
Figure 1 shows a case of 3 utilities for the two input one output case. B is efficient both under the CRS and VRS assumption, whereas A is inefficient under the stricter CRS assumption. C is inefficient in both cases. -y i + Yλ ≥ 0,
θ is the efficiency score, and λ a Nx1 vector of constants. Assuming that the firms use E inputs and M outputs, X and Y represent E*N input and M*N output matrices respectively.
The input and output column vectors for the ith firm are represented by x i and y i . The constraints ensure that the ith firm is compared to a linear combination of firms similar in size. To determine efficiency measures under the VRS assumption a further convexity constraint ∑λ = 1 has to be considered. The system is solved once for each firm (see Jamasb and Pollitt, 2003 , 1612 , and Coelli, et al., 1998 .
DEA is a relatively uncomplicated approach. The determination of an explicit production function is not required. However, since DEA is a nonparametric approach the impact of
the respective input factors on the efficiency can not be determined. Furthermore, DEA does not regard possible noise in the data and outliers can have a large effect on the outcomes. Currently, however, it is the most commonly applied analysis technique in productivity analysis.
The choice of physical input and output data is dictated by limited data availability. We estimate different models taking labour, network size, and peak load as the inputs, and units sold and the number of customers as the output. In addition, we add the inverse density index as a structural variable to compensate on the output side in some of the models:
-Labour input is estimated by the number of workers. 4 As employment data covers all workers in the electricity utility, we subtract one employee for each 20 GWh electricity produced (following Auer, 2002, p.128) ; -capital input is approximated by the length of the existing electricity grid. We differentiate between voltage levels (high, medium, and low voltage) by introducing a cost factor for each type of line. -in an extended model we also take into account the maximum peak load as further cost factor to approximate transformer capacity; -the use of the inverse density index (settled area in kilometres per customers supplied) in one of the model specifications is motivated by the argument that utilities with a dense customer structure have a natural cost advantage over those with a weak customer density. When taken as an output, the inverse density index improves the performance of sparsely inhabited distribution areas. Density is one of the structural variables defined in the German association agreements. 4 We are aware of the criticism of this choice of variable due to the potentially distortive effect of outsourcing: a utility can improve its efficiency simply by switching from in-house production to outsourcing. 5 Following standard practice: factor 5 for high voltage, 1.6 for medium voltage, and 1 for low voltage cables. 6 The sources of the data are the following: 9 Labour, network size, units sold and the number of customers are available for 380 utilities. We have verified that the sample is representative in terms of utility size. We cover 71% of the total number of utilities, and 60.3% of electricity sold.
Empirical Results
The following analysis is divided into five parts. First the basic Model 1 is estimated for the 380 utilities for CRS and VRS. In a first extension (Model 2) we analyse the influence of the inverse density index on distribution efficiency. Model 2 will also be discussed separately for East and West Germany. This model will then be respecified to take account of differences in costs between cable and aerial lines by factoring cables with 0.75 (Model 3). Model 4 also considers the peak load as further input variable for a reduced sample of 308 utilities. Model 5 is our verification specification and is separately estimated with SFA and DEA to deduce the correlation of the two methods for the one-output case. However, all in all, the average efficiency is low in both of the models. The subsequent analyses and specifications will show that some of these inefficiencies can be explained by further firm-specific characteristics or structural variables. In the subsequent models, we apply the (stricter) constant returns to scale approach to the sample.
Difference Model 1-VRS to Model 1-CRS
Impact of Structural Particularities
We now address the first two structural variables that are used in the association agreement's assessment of potential cost drivers: density, and East-West structure. It is reasonable to assume that regional particularities can have a strong impact on the efficiency of distribution utilities, although they are outside their decision framework. An example is increasing costs because of the craggy surface a utility has to cope with; another one is the density of a habitat that a utility has to serve.
We measure the first structural variable by the inverse density index defined as service territory in kilometres divided by the number of inhabitants of the region to take account of the topographical particularities. The idea here is to exclude the influence of structural effects on the efficiency of the utilities. The variable defined as above increases the efficiency of utilities in sparsely settled regions, as DEA considers this effect under the present specification as an increase in output that will consistently increase the estimated efficiency of utilities in sparsely settled areas. Therefore, in our case, companies with a higher inverse density index and thereby a territory with few customers per square kilometre will increase their efficiency.
The average productivity for Model 2 increased significantly compared to Model 1, from 63.1% to 66.8%. Sixteen utilities are 100% efficient, three more than under the CRS assumption for Model 1. Figure 5 compares the CRS result for Model 2, including the inverse density index, with the CRS result from Model 1 (without structural variable). It is evident that for the 190 largest utilities, the structural effect is insignificant (average efficiency increase of 0.4%), whereas for the smaller ones, density is an important cost driver (average increase of 6.9%); the effect is particularly strong for the 50 smallest utilities. Utility Number Efficiency Change in % Figure 5 : Differences for each utility between measures of model 2 and model 1.
Analysis of Differences between East and West Germany
The model also permits an analysis of structural differences in efficiency among West and East German distribution utilities. In fact, the association agreement includes a structural variable "East-West", implying that East German utilities have on average higher costs than their West German counterparts. This is supposedly due to the structural legacy inherited from socialist times, as well as to the dramatic drop in electricity consumption given almost constant network sizes. In order to test the East-West hypothesis, we split up the sample into 320 West German utilities, and 60 East German ones. Figure 6 and Figure   7 show the rather astonishing result: the average efficiency in East Germany seems to be higher than in West Germany. Taken from the same DEA analysis, East German utilities feature an average efficiency of 75.6%, against a West German average of 65.1%. This result may suggest that investment efforts of the last decade have led to an accelerated modernisation process in East Germany, and thus a more efficient use of resources.
Electricity production and distribution can now revert to a modernised power station park and distribution system. The results tend in the same direction as those of Frontier Economics and Consentec (2003, p. 19 
Model 2-CRS, East German Utilities
Effect of Grid Composition
A third structural variable that may have an impact on efficiency scores is the composition of the grid, i.e. the relation of aerial lines to cable lines. The idea behind this reasoning is that cable lines are on average more expensive than aerial lines. However, regional utilities 15 are often not free in choosing the most appropriate grid type. This is particularly true in densely settled areas where national law prohibits aerial lines.
We approach the issue in the traditional way: we define a downturn factor of 0.75 for each km of cable line, and thereby indirectly consider higher prices for cables. This favours those utilities that are forced to maintain a high proportion of cable lines.
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The first noticeable result is that average efficiency remains almost unchanged; it increases slightly to 66.0% compared to the 63.1% in the original specification (Model 1). The number of efficient utilities increases by one to 14. The modest changes in efficiency is not surprising: some utilities use a grid with a higher proportion of cable lines, others with more aerial lines. These two tendencies compensate each other, while the change of the average productivity remains almost the same. The efficiency of single utilities, in contrast, changes more significantly: utilities with a higher share of cables benefit from this transformation. Differences between Model 2 with cable factor 0.75 and without are presented in Figure 8 . All in all, the grid composition does not add much to the interpretation of results, a finding also suggested by Frontier Economics and Consentec (2003, p. vii) who doubt that grid composition is a significant cost driver. 
Peak Load as an Input Variable
In addition to the traditional inputs, grid line and labour, one could consider peak load (as a proxy for transformer capacity, for which no data is available) to be a separate cost factor.
Model 4, containing three input and three output variables, is estimated with a reduced sample size of 308 utilities.
Model 4 with peak load leads to higher efficiency scores averaging 73.4%. Figure 9 shows the difference between Model 4, including peak load, and model 2.
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There seems to be no structural correlation between the size of a utility and its peak load as a structural variable affecting efficiency. In the case of lacking cost data, it may therefore make sense to work with two different variables accounting for capital costs. 0%   20%   40%   60%   80%   100%   1  14  27  40  53  66  79  92  105  118  131  144  157  170  183  196  209  222  235  248  261  274  287  300 Utility Number Efficiency Change in % Figure 9 : Difference between Model 4 and Model 2 for Sample with 308 Utilities.
Difference Model 4-CRS, 308 utilities to Model 2-CRS, 308 utilities
CORRELATION ANALYSIS AND VERIFICATION THROUGH SFA
In this section we check the robustness of our results by conducting a correlation analysis for the respective model specifications. In addition, we present a stochastic frontier analysis (SFA) for the case of one output and multiple input factors in order to generally verify the DEA results discussed in Section 4. Table 2 shows the correlation analysis for models 1 (CRS and VRS), Model 2, and Model 3. Overall, the correlation among the models is high; all are above 75%. The highest correlation is observed between Model 3 (cable factor 0.75) and Model 1 (VRS). Table 3 presents the correlation for Models 2 and 4 (peak load) for the limited sample of 308 utilities. Once again, correlation is very high. Thus, we can conclude that the obtained DEA efficiency measures can generally be assumed to be robust. Last but not least, we estimate a model taking a stochastic approach in order to harden the evidence obtained through DEA. To this end, we specify a one-output-multiple-input
Model 5, where units sold is the output, whereas labour, grid size, and peak load are the inputs. We run the model both using an SFA, and a DEA with constant and with variable returns to scale.
Stochastic Frontier Analysis (SFA) is a parametric method requiring the definition of an explicit production or cost function. Based on the usual OLS regression a parallel shift of the original production function yields the efficiency frontier. This is caused by an underlying assumption splitting the error term into a stochastic residuum and an inefficiency-term, where the random variables are assumed to be iid N(0,σ), and independent of the individual technical inefficiencies u i which are non-negative random variables and assumed to account for technical inefficiency in production. Usually, to account for stochastic errors a half normal distribution is assumed.
Graphically, SFA shifts the classical regression line downwards corresponding to the inefficiency index. All companies on or under the shifted regression line are then defined as 100 % efficient, all companies beyond the line proportionally inefficient, as is depicted in Figure 10 for the case of one input and one output. where Q represents output, K and L are capital and labour input, respectively, V i and U i are the random terms, and the bs are coefficients.
Generally, SFA is more complex than DEA. Its particular assumptions on two-part residuals is criticised as it is difficult to determine these two effects separately in reality.
Econometricians usually have problems in identifying stochastic errors and technical inefficiencies. Approximations run the risk of regarding inefficiency wrongly as noise. On the other hand, with an increasing data sample, outliers do not have a large effect on the results and stochastic tests can be applied for specification and significance. (compared to an efficiency of 69% for the DEA-VRS). Although we did not consider our structural variable, there seems to be no significant correlation between the efficiency and the size of a given utility.
14 Table 4 shows the correlations between the DEA and the SFA approaches for Model 5. All correlations are above 70%, and thus -once againsignificant. In general, we can conclude that the standard DEA approach yields robust, verifiable results. 
